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1 Introduction
A frequent source of frustration for riders of public transit is irregularity in arrival times of the
transport vehicles. The use of GPS-based automatic vehicle locator (AVL) services in conjunction
with web devices and smart signage can mitigate some of the uncertainty involved in waiting for the
transit vehicles and can be used to minimize wait times at the stop; however, regularly unreliable
vehicle arrivals can over time impede the use of public transit as a viable alternative to other forms
of transportation.
A number of factors, including land use, traffic patterns, policy, rolling stock and loading rates
influence the tendency of buses to experience headway irregularity. We seek to identify factors
associated with the gapping and bunching of buses—identified through gathered AVL data—at a
number of cities in the US. By comparing these factors between different transit agencies, I hope
to determine if the rates of gapping and bunching are more closely associated with local factors
(e.g., land use or ridership) or by latent, agency-wide factors.
2 Background
2.1 Motivation
Minimization of out-of-vehicle travel time (OVTT) is a common goal for transit providers and
users alike. Empirical studies estimating the indirect costs of travel have shown that time spent
waiting for transit vehicles to arrive is considered more costly than time spent on the vehicle in
motion (Thobani, 1984).
As a result, passengers (in aggregate) do not arrive at bus stops at purely random times. Some, of
course, do; however, others time their arrivals based on the scheduled arrival time of the transit
vehicle, especially if service is infrequent (Jolliffe and Hutchinson, 1975).
Clearly, passengers obtain value from the knowledge of exactly when a transit vehicle will arrive;
conversely, irregularity in vehicle arrival confers a disbenefit. Even if bus service is frequent, and
prospective passengers can arrive at a stop with an expected value wait time of one-half the sched-
uled headway, gapping and bunching can cause this estimated wait time to be significantly longer
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than planned. If these irregularities are recurrent, passengers will be forced to arrive at stops ear-
lier in order to ensure they reach their destination in a timely manner—increasing OVTT—or seek
another mode completely.
An illustrative anecdote from Chicago captures many riders’ frustration:
“This customer’s story sums up the problem on what was voted in the media as the worst route in the
system (#8-Halsted): ‘she grew so disgusted with her No. 8 travels that she eschewed the bus altogether.
The final straw: A 55-minute wait for a bus headed southbound as five buses going north passed her
by’ [(Kyles, 2007)]. This is a route with a scheduled headway of 7–10 minutes . . . For the customer, the
wait is probably bad enough but seeing multiple buses arriving or passing in the other direction is like
salt in a wound” (McKone et al., 2009).
2.2 Existing research
The irregularity of bus arrival times has been studied for quite some time1. Welding (1957) found
that as irregularity increased for high-frequency bus service in central London, so too did mean wait
times for passengers. On bus routes serving the outer suburbs and countryside, irregularities—and
thus wait times—were predictable and minimized, respectively.
A number of factors cause this gapping and bunching behavior. Consider a series of buses, traveling
at constant speed between stops of equal interval. Each stop has passengers that arrive for boarding
at a given rate, and each passenger takes a constant amount of time to alight a bus. If all stops had
passengers arriving at an equal rate, then bus spacing would remain perfectly constant as the same
number of passengers would take the same amount of time to board each bus at each stop. However,
this is not the case, and thus buses arriving at different stops will take on different numbers of
passengers, resulting in differing dwell times for each bus. Ceteris paribus, this series of buses will
tend to form pairs; as one bus picks up more passengers, it is delayed and thus more passengers
accumulate at the stops ahead of it. The more it is delayed, the smaller the interval between its
arrival and the arrival of the bus behind it, and thus its trailing bus picks up comparatively fewer
passengers at each stop and experiences less delay. Given enough time, the pair of buses will
converge (Chapman and Michel, 1978).
Of course, buses move at a decidedly inconstant rate. Other factors found to affect schedule adher-
ence may be separated into two groups: those that are peculiar to a particular stop or segment, and
those that affect the entire route or network evenly.
1“A theoretical study of the effect of variation in journey time on bus regularity was made, first on a small scale by hand
methods, but the arithmetic proved so cumbersome that an electronic computer—that at Manchester University—was
used for the bulk” (Welding, 1957).
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Boarding times have an enormous effect on headway irregularity (Turnquist and Bowman, 1980).
This can be a function of agency, through the selection of rolling stock, fare payment method and
the use of single- or all-door boarding practices, or a function of each stop, depending on the land
use (shoppers with bags?), demographics (very young or old passengers?) or stop design.
Factors designed to improve the scheduling performance of buses, such as transit signal priority
systems, can have a noticeable impact on headway irregularities, with traffic flow impacting up to
50% of travel time variation (Feng, 2014).
Layovers2 can be used to minimize the “rollover” of headway irregularity between run cycles;
however, time spend laid over represents wasted capacity on a per-vehicle basis. Further, an inner-
city bus terminus may not have the space to accommodate several laid-over vehicles. Thus, from
both a passenger and operator perspective, addressing gapping and bunching behavior en route is
desirable. Another approach is to use distributed control points along the route with designated
departure times; however, this approach still limits the speed of service and can require a great
deal of control-driver or driver-driver communication (Daganzo, 2009; Daganzo and Pilachowski,
2011).
The use of AVL and automatic passenger counter (APC) data provide a set of tools that can be used
to study what factors influence transit vehicle behavior. These tools have been available since the
late 1990s, and are used to provide both archival and real-time performance data that can be used
for federal reporting, service planning, and in conjunction with smart signage or internet-capable
devices to provide information to passengers. In Portland, Oregon, installation and monitoring
of these devices resulted in “a 9% improvement in on-time performance, an 18% reduction in
running time variation, a 3% reduction in mean running time, and a 4% reduction in headway
variation” (Strathman, 2002). AVL-driven service adjustments to CTA’s #8—mentioned above—
decreased the gapping rate by 60% (McKone et al., 2009).
However, in addition to active monitoring and control of vehicle position, archival APC and AVL
data can be used to identify what factors affect vehicle bunching at both the stop-to-stop level.
3 Methodology
The goal of this work is to use sampled AVL data in conjunction with scheduling data to identify
factors associated with headway irregularity in four North American cities. Headway irregularity
may be associated with factors at the agency level, line level and stop level, making it possible
2A period of time where a vehicle is out-of-service, spent at each end of the terminal.
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to identify the relative contributions of environment, policy, infrastructure and demographics to
vehicle headway adherence.
3.1 Study design
This work is primarily a quantitative examination of headway irregularity patterns. Future ex-
tension of this work could involve qualitative surveys of transit agency policies, introducing a
mixed-method dimension.
3.1.1 Agencies, Routes and Stops
Agencies were selected from major transit agencies using both NextBus AVL data and having
publicly-available GTFS scheduling data. Agencies serving areas with populations of more than
about 750,000 were selected. Due to availability of census and other data, agencies were restricted
to the United States; finally, agencies were restricted to those operating rubber-tired bus service.
Four agencies in total were chosen (table 1).
Routes were chosen to focus on buses connecting moderate-density residential areas with high-
density urban cores in order to display good variation between resident and employee densities.
Bus routes were selected among those operating during peak travel periods with headways of
twenty minutes or less. “Express” or limited routes were excluded; all routes were required to serve
all stops along the route. Between 6 and 10 routes were chosen per agency (table 1; figures 9, 10).
Agency City State/Province
MBTA Boston Massachusetts
LA Metro Los Angeles California
AC Transit Oakland California
SFMTA San Francisco California
Table 1: Transit agencies using both NextBus AVL and GTFS feeds.
Once routes were selected, the NextBus route configuration API was used to retrieve detailed stop
and direction information. Each route is composed of several direction entities (both inbound/out-
bound and variations—see section 3.2.1); each direction has a list of stops associated with it. Stops
were chosen from each route and direction algorithmically. The number of stops in each route/di-
rection was divided by five, and stops at the resultant interval were selected for a total of four
stops per route. This interval strikes a balance between selecting the same number of stops per
route, but still providing enough space between stops to avoid excessive autocorrelation between
overly-proximate stops.
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All in all, 30 routes were chosen, representing 68 directions and 230 distinct stops (some stops
were served by more than one route/direction).
3.1.2 Time
Samples were collected at 15-minute intervals between 7am and 9am and again between 5pm and
7pm (local time) over the course of two weeks during the month of February, 2015. Only samples
from weekdays were used. While collection of additional weekend and off-peak data would have
provided a clearer picture of bus service, since scheduled service changes substantially at the line
level it would have been difficult to observe line-level changes in headway adherence.
3.2 Data collection
3.2.1 AVL data
Bus headways were sampled using electronically-collected bus arrival information from NextBus.
NextBus is in use by over 120 agencies of varying size. Other agencies use similar services, such
as MTA Bus Time (New York City), TransLoc (NC State University, Triangle Transit and others),
OneBusAway (Atlanta, New York City, Tampa and others) and the CTA Bus Tracker (Chicago);
however, in order to ensure compatibility between samples, NextBus provides the largest number
of agencies under the same protocol.
For each stop, at a given time, the estimated arrival times for each of the upstream buses is
available–typically 60–90 minutes upstream. NextBus AVL information is updated every 90 sec-
onds or 200 feet of motion, whichever comes first. Arrival predictions are made based on vehi-
cle speed and position. Data is transmitted from onboard GPS recievers via SMS to the central
database, where it is made available to the public via an API.
Data was collected using the NextBus API. Nextbus information is presented hierarchically in
XML format with the following attributes:
Agency The transit agency responsible for the operation of the vehicle in question.
Stop A unique location where vehicles stop. Can be served by multiple routes, but generally sep-
arated by direction of service.
Route A generalized vehicle route (e.g., the SFMTA’s 38-Geary).
Direction A more specific route variation; generally includes inbound and outbound variations
but can also accommodate end-of-route truncations and variations (e.g. 38-Geary Outbound
to VA Hospital).
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Block A generalized vehicle assignment for a period of service. Can extend across multiple routes/di-
rections; generally reflects the scheduled operation of a single vehicle over the course of a
day.
Trip A single instance of a block—one specific vehicle’s trip.
Vehicle A unit of rolling stock assigned to a trip.
Prediction The estimated time for a vehicle to reach a stop.
A sample python XML retrieval call to the NextBus system using the python-nextbus library3
looks like this:
>>> import nextbus, numpy
>>> times = nextbus.get_predictions_for_stop(‘sf-muni’,‘15691’).predictions
>>> timeslist = []
>>> for x in times:
>>> if x.direction.tag == ‘F__IB02’:
>>> timeslist.append(x.minutes)
>>> print timeslist, numpy.std(numpy.diff(timeslist))
[6, 13, 19, 26, 33] 9.47
First, a request is sent for all current predictions for stop 15691 of the San Francisco Municipal
Transportation Agency. A stop ID is locationally unique, but may serve many routes and directions.
The script iterates through each prediction, pulling only those with the tag ‘F IB02’, indicating
the F route in the inbound direction. These times are added to a list, which is then returned along
with (in this case) the standard deviation of the headways.
NextBus limits predictions to five vehicles per stop, which is enough to calculate four headways
(ETA from the nearest bus to the stop is discarded). Using UNC’s Killdevil computing cluster,
the control sequence was called at regularly scheduled intervals and recorded to disk. Originally,
111,878 samples were recorded. Post-processing to remove duplicate, fragmented or missing data
reduced this number to about 94,618 records.
3.2.2 GTFS data
The General Transit Feed Specification (or GTFS, ne´e Google Transit Feed Specification) is a
(relatively) simple table-based schema for storing transit scheduling information. Like the NextBus
3Available at https://github.com/apparentlymart/python-nextbus.
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schema, it is hierarchically organized, with an additional4 scheduling layer that provides different
service patterns for different days, such as days of the week or holidays.
Each of the following corresponds to a specific, required table in a GTFS database:
Agency The agency/agencies of interest.
Stops A vehicle stopping place, including its name, location, and optionally fare zone information,
“parent” stops, accessibility information and other details.
Routes A vehicle route, its administering agency and descriptive information.
Trips A trip is a sequence of stops served by a route. Trip information is described for each service
variant. Differs slightly from the definition of trip used by NextBus, which can extend across
routes and is an instance of a block; here it is closer to the NextBus “direction” attribute
which is limited to a single route. Each trip can optionally be a member of a block composed
of multiple trips (and thus can extend across routes).
Stop Times Arrival and departure times at a given stop for each trip (and therefore, each route and
service type).
Calendar Assigns varying service types to different days or dates.
Other, optional tables include fare information, service frequencies for headway-based service,
transfer information and more complex calendar configuration options.
By joining these tables and querying for the service type, stop, route and trip, a series of scheduled
arrival times can be retrieved. Subtracting these times from the time at which predictions were
sampled allows a series of scheduled ETAs to be calculated. Since GTFS information is static, this
step was performed after AVL data had been sampled. After the AVL data was post-proccessed,
timestamps for each stop and route were used to retrieve scheduled ETA information for each
record.
3.2.3 Other data
Demographic and employment data The use of population and employment densities serves
as a measure of two related factors. First, denser areas are likely to have significantly different de-
velopment patterns, including street design, traffic control, pedestrian activity. Second, population
and employment patterns are likely strongly associated with boarding activity. Passenger boarding
and unboarding is a major factor in headway irregularity.
4NextBus does have a schedule return mechanism; however, it is not consistently used.
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Note that no variable measures the difference between inbound and outbound trips. This is for
two reasons: first, not every route direction can be characterized in a uniform manner, with clear
inbound and outbound directions; second, use of population and employment densities should
account for this variation with more detail.
Figure 1: Upstream employment for three routes in San Francisco. Each star represents a sampled stop. Buffers repre-
sent 1/4 mile radii around stops where demographic and employment information were collected.
Demographic data were obtained from US Census Data at the census block level. Employment
data were obtained from archived RefUSA data, which provides employer-level information with
specific GPS coordinates and ten employee category ranges from A (1–4) to K (10,000+). For each
employee range, the average value was taken (table 2).
Point employee data and area-weighted-sum block group census data were then aggregated into
buffers composed of one-quarter mile radii around all “upstream” stops. Thus, information was
captured about each stop and all other unsampled stops before it (figure 1).
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Category Range Value
A 1–4 2.5
B 5–9 7.5
C 10–19 15
D 20–49 35
E 50–99 75
F 100–249 175
G 250–499 375
H 500–999 750
I 1000–4999 2500
J 5000–9999 7500
K 10000+ 12500
Table 2: RefUSA employer categorization.
Weather Weather information was obtained from NOAA historical data. One substantial diffi-
culty was treating precipitation uniformly; since snow only occurred in one geographic location
during the study period, it was impossible to separate its effects from other agency-level inputs.
Two measures of precipitation were included: absolute rainfall equivalent (in inches), and a binary
variable for rainfall equivalent in excess of one-quarter inch (to indicated heavy weather events).
Temperature data were compared with annual averages to provide a difference between absolute
temperature and “expected” temperature for the day to account for day-to-day decisions of whether
or not to use transit—again, an approximation for ridership, which is in itself an approximation of
boarding.
3.2.4 Identification of bunching
Bunching events are identified in a number of different ways in the literature. A common method
is to identify a minimum departure headway threshold, e.g. three minutes, and declare any spacing
falling below this threshold a bunching event (Feng and Figliozzi, 2011). Comparing this value
between agencies would require that they all use the same scheduled bus spacing.
Another measure of headway irregularity is the coefficient of variation (CoV). The CoV is the
standard deviation of a vector normalized by its mean; in our case, the vector of interest is vehicle
spacing: a series of headways.
CoV =
σx
µx
The CoV allows comparisons of headway adherence in routes with different actual scheduled head-
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ways, significantly increasing the sample pool.
CoV P
(|hi−h|> h2) Passenger and Operator Perspective
0.00–0.21 ≤ 02% Service provided like clockwork
0.22–0.30 ≤ 10% Vehicles slightly off headway
0.31–0.39 ≤ 20% Vehicles often off headway
0.40–0.52 ≤ 33% Irregular headways, with some bunching
0.53–0.74 ≤ 50% Frequent bunching
0.75+0.00 > 50% Most vehicles bunched
Table 3: Approximate interpretations of the coefficient of variation for a route with short headways, in terms of the
probability that actual headway hi will vary from scheduled headway h by an amount more than one-half h (Hunter-
Zaworski, 2003).
We present an example; specifically, bus service for AC Transit route 97, direction 97 152 0, stop
0802460 at 2:16PM.
A call to NextBus returns predicted ETAs of about 3, 16, 41, 56 and 72 minutes. GTFS schedule
has the buses arriving with ETAs of 7, 27, 47, 67 and 87 minutes (figure 2, top).
Now, there is some offset in vehicle arrival time between the schedule and the predictions—each
vehicle is predicted to arrive about five minutes before it is “supposed” to. However, schedule ad-
herence is irrelevant to our study, as we are observing vehicles with relatively short headways. We
are instead interested in the difference between consecutive ETAs—the headway spacing. Subtract-
ing each pairwise sequential ETA gives us scheduled headways of 20 minutes each, but predicted
headways of 13, 26, 15 and 15 minutes (figure 2, bottom).
Since scheduled headways are all twenty minutes, both the standard deviation and CoV are zero.
Calculation of the CoV of predictions is as follows:
CoVpredicted =
std(13,26,15,15)
mean(13,26,15,15)
= 0.28
Since scheduled service is regular—every 20 minutes—this coefficient of variation shows a mod-
erate discrepancy between expected and delivered service. However, scheduled service could be
intentionally irregular, with vehicles arriving at varying intervals. We account for this by using the
difference between predicted and scheduled CoV as our independent variable:
∆CoV = CoVpredicted−CoVscheduled
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Figure 2: Scheduled and predicted ETAs (top) and headways (bottom) and for a single stop.
11
This methodology provides a continuous dependent variable; however, it is also possible to create a
binary output variable by observing cases where the CoV exceeds a certain threshold. Note that it is
possible for the differences in predicted and scheduled CoV to be negative; this indicates situations
where vehicle spacing is more even than scheduled. This occurs in about 10% of observed samples
(table 4).
∆CoV≥ 0 ∆CoV < 0
CoVs > 0 10,487 (59.0%) 1,804 (10.2%) 12,291 (69.2%)
CoVs = 0 5,118 (28.8%) 354 (2.0%) 5,472 (30.8%)
15,605 (87.9%) 2,158 (12.2%) 17,763 (100.0%)
Table 4: About one-quarter of samples have a scheduled CoV of zero, but a nonzero ∆ CoV (numbers reflect dataset
with samples removed where scheduled CoV is greater than 0.5).
4 Results
Plotting scheduled and predicted coefficients of variation against each other gives us a rough pic-
ture of the dataset (figure 3, left).
Figure 3: Results for all agencies: predicted CoV vs scheduled CoV (left); delta CoV vs. upstream population (right).
Most scheduled CoV values are less than 0.5; 90% of values are 0.23 or less. There exists a great
deal more variation in predicted CoV values, with an apparent central tendency around 0.5. Run-
ning a preliminary single-variable OLS regression against population density gives us a rather
nonintuitive result: CoV decreases as upstream population increases. Since vehicle headway irreg-
ularity is known to increase with boardings, we would expect the opposite to be true.
Observe, however, that the MBTA service area has consistently lower densities and higher CoV
values (figure 4). Splitting the data up by agency and removing data points with high scheduled
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Figure 4: Buffer population (left) and delta CoV (right) by agency. Note the discrepencies in both variables from the
MBTA.
CoV (those greater than 0.5) shows the different scheduling and service delivery patterns by agency
(figure 5).
Looking at agency-specific histograms gives a better feel for the contrast between scheduled and
observed/predicted service (figure 6). Most agencies schedule service with CoV values at or very
close to zero. ∆CoV values generally peak around zero and show a distinctly right-tailed pattern;
the exception is MBTA, where a second, more diffuse peak occurs around ∆CoV=0.5.
We use an ordinary least-squares regression was conducted to find which factors have the largest
influence on headway irregularities, by relating continuous and categorical inputs to a continuous
output.
4.1 Regression analyses
Agency alone was able to explain a great deal of headway variability; however, headways at MBTA
were 7.5 times (OR: 7.0–8.2) as likely to be highly irregular (CoV> .5) than at any other agency.
Removing MBTA samples from the model significantly reduced R2 values for both the agency
alone and agency + other variables models. Progressively including routes and stops improves the
fit of the model, as does including additional variables (table 6). Tests for variance inflation factors
(VIF) showed no input variable with a VIF over 10, with mean VIF being 2.0 at the agency level
and 5.3 at the stop level.
In every case, the addition of routes to the model provides the largest jump in R2 values, indicating
that a great deal of the variability can be explained at this level. Disaggregating by route gives us a
clearer picture of ∆CoV at the route level (figure 7).
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Figure 5: (Top) Trimmed and separated scatter plots for each agency. Note the different patterns in both scheduled
and delivered service: MBTA has many more high-CoV trips in relation to its scheduling, while AC Transit has
substantially more regular scheduled service than other agencies. (Bottom) Separating by agencies shows a positive
correlation with density (and a much higher R2).
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Figure 6: Normalized histograms for scheduled and predicted (pairwise, above) and delta (pairwise, below) coefficients
of variation.
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Varname Variable Type Min Max/Count Units
trans agency Transit Agency Categorical 4 Agencies
trans route Route Categorical 30 Routes
direction Direction Categorical 68 Directions
stoptag NextBus Stop Tag Categorical 230 Stops
stopid GTFS Stop ID Categorical 230 Stops
order Stop Order Ordinal 0 3 –
numstops Number of intermediate
stops between observed
stops
Integer 3 28 Stops
count emp Number of Employers Integer 60 16546 Employers
sum emp Number of Employees Real 792.5 257870 Employee
P10AWS 2010 Population Real 1873.11 65300.3 People
weekday Weekday Binary –
DOM Day of Month Categorical 10 –
dow Day of Week Categorical 5 –
hour Hour of Day Categorical 4 –
AMPM AM/PM Categorical 2 –
t lo Observed low temp Integer 5 60 ◦F
t hi Observed high temp Integer 20 88 ◦F
t hi av Average high temp Integer 36 68 ◦F
hi diff t hi-t hi av Integer −21 16 ◦F
precip in Precip. (rainfall eq.) Real 0 0.9 inches
precip 25 >.25” rainfall eq. Binary –
Table 5: Independent variables.
All observations Drop CoVs < 0.1 Drop MBTA
(n = 28,444) (n = 17,763) (n = 14,065)
Agency alone 0.181 0.222 0.012
Agency + Routes 0.313 0.334 0.226
Agency + Routes + Stops 0.373 0.395 0.327
Agency + Other variables 0.209 0.255 0.070
Agency + Routes + Other variables 0.323 0.352 0.248
Agency + Routes + Stops + Other variables 0.379 0.407 0.341
Table 6: R2 values for varying regression setups. All models significant at p < .001.
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R2 = 0.2091; n = 28,444 Coef. β - Coef. p-value
Agency actransit (base)
lametro 0.023 0.036 0.000
mbta 0.405 0.600 0.000
sf-muni 0.036 0.051 0.000
Other Pop. (10k) 0.041 0.176 0.000
Sum Employ (10k) 0.001 0.023 0.000
Temp diff. -0.002 -0.057 0.000
Precip. > .25” -0.040 -0.036 0.000
AM -0.035 -0.059 0.000
Cons. 0.113 0.000
Table 7: OLS regression results, agencies only.
R2 = 0.2552; n = 17,763 Coef. β - Coef. p-value
Agency actransit (base)
lametro 0.047 0.077 0.000
mbta 0.416 0.587 0.000
sf-muni 0.005 0.008 0.390
Other Pop. (10k) 0.029 0.123 0.000
Sum Employ (10k) 0.002 0.029 0.000
Temp diff. -0.002 -0.045 0.000
Precip. > .25” -0.018 -0.016 0.016
AM -0.081 0.139 0.000
Cons. 0.204 0.000
Table 8: OLS regression results, agencies only, scheduled CoV> .1 dropped.
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R2 = 0.3227; n = 28,444 Coef β - Coef p-value
Agency actransit (base)
lametro -0.364 -0.575 0.000
mbta 0.252 0.374 0.000
sf-muni -0.169 -0.244 0.000
Route ac 1 (base)
ac 14 -0.051 -0.030 0.001
ac 18 -0.121 -0.061 0.000
ac 40 -0.108 -0.064 0.000
ac 72 -0.326 -0.160 0.000
ac 88 -0.163 -0.082 0.000
ac 97 -0.115 -0.055 0.000
ac 99 -0.026 -0.006 0.290
la 18 0.405 0.238 0.000
la 20 0.355 0.193 0.000
la 200 0.376 0.234 0.000
la 206 0.278 0.174 0.000
la 33 0.224 0.154 0.000
la 35 0.396 0.215 0.000
la 60 0.418 0.341 0.000
la 96 –
mb 1 -0.009 -0.005 0.421
mb 23 0.066 0.041 0.000
mb 31 0.089 0.056 0.000
mb 32 -0.077 -0.055 0.000
mb 34 -0.165 -0.082 0.000
mb 7 0.034 0.024 0.001
mb 9 –
sf 14 0.129 0.082 0.000
sf 22 0.115 0.066 0.000
sf 24 0.072 0.041 0.000
sf 3 0.065 0.041 0.000
sf 38 0.134 0.100 0.000
sf 5 0.057 0.031 0.000
sf 71 –
Other Pop. (10k) 0.012 0.050 0.000
Sum Employ. (10k) 0.003 0.056 0.000
Temp diff. -0.002 -0.056 0.000
Precip > .25” -0.040 -0.036 0.000
AM -0.036 -0.060 0.000
Cons. 0.293 0.000
Table 9: OLS regression results, agencies and routes.
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Clearly, MBTA is experiencing a different situation than the other agencies, but there are some
other outliers.
A number of other variables beyond agency, route and stop were found to have significance in
predicting ∆CoV (figures 12, 13). Notably (and predictably), environmental variables predict CoV
well when MBTA samples are included, and less well (though still generally significantly) when
MBTA samples are removed.
Overall stop order on the route was not found to be significant; a dummy variable representing
the last stop was significant but not profound unless MBTA samples were removed. However, this
does not necessarily mean that the core concept—that bus headway irregularity increases over the
course of the route—is false. Controlling for related variables, such as distance or time along the
line, may help to provide a better idea of whether or not CoV is related to stop order.
However, if stop order is truly insignificant, then that could point to the behavior of buses at ori-
gins and terminals. If buses are held at only the inbound or outbound location and released to
re-regularize headways, then CoV would be dependent on both stop order and direction. Addition-
ally, if buses are held at en-route timepoints to re-regularize service, then overall stop order would
have no effect on headway regularity. Following cohorts or platoons of buses through the system
may help to illuminate this behavior in more detail.
Residuals of the data against our OLS regression show a roughly normal distribution, albeit with
some positive skew (figure 8). However, looking at the means of the residuals by agency, route
and county produced no category with a mean of greater than ±2×10−8, indicating no substantial
trend in the model’s predictive value based on one of these units of analysis.
Spatially, Moran’s I was calculated for each set of stops at the agency level to identify clustering
of high CoV values. A Moran’s I value of -1 indicates perfectly-distributed values (e.g., a checker-
board); a value of 0 indicates true random dispersion; and a value of 1 indicates perfect cluster-
ing (Moran, 1950). No agency showed statistically significant clustering values, though MBTA and
LA Metro were “significant” at p¡0.2 (table 10). There are some caveats to this test; a relatively
large search distance for clusters was used in order to identify generalized clustering behavior (on
the order of a central business district) rather than neighborhood-level spots. Significantly more
geographic locations would be required for identification of smaller clusters, would would require
significantly more samples.
A Breusch–Pagan the for heteroskedasticity at each level of regression (agency, route and stop)
returned P(χ2) = 0.0000, indicating that variance of the residuals was not correlated with values
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Figure 8: Relationship between aggregate difference between observed and modeled delta CoV. A normal distribution
is shown in red; the kernel density function is shown in green. Mean error is −4.1×10−10.
Moran’s I Z-score p-value
LA Metro -0.06 -1.41 0.16
SFMTA -0.03 -0.34 0.74
AC Transit 0.02 0.93 0.35
MBTA 0.08 1.45 0.15
Table 10: Moran’s I test of spatial clustering, applied to ∆CoV values for each agency. A value of close to 1 would
indicate significant clustering of high CoV values—for example, near .
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of independent variables (Breusch and Pagan, 1979).
The data indicate that most of the variability—i.e., the greatest increase in variation explained by
included variables—in CoV occurs at the line level, which is visible when the stops are viewed
spatially (figures 9, 10).
4.2 Limitations & improvements
The primary limitation of this work is that the substantial difference in environmental condition
between MBTA and the other three agencies, magnified by the short sampling period, severely
obscures the variability in agency-level CoV. A long sampling period—perhaps several weeks in
each quarter—could help provide a better picture of bunching behavior in different environmental
conditions as well as smooth out effects of transient weather or operational patterns.
Since three of the agencies were located in California, perhaps including other agencies in other
regions would help to mitigate this problem somewhat. However, since large cities with significant
transit networks tend to be located on the west coast of in New England, it may be difficult to fully
separate weather patterns from agency-level variables. Indeed, agency policies, boarding patterns,
and general transit use levels are likely to be heavily based on weather patterns, so attempts to fully
separate the two factors may be misguided.
The short sampling period also makes the data vulnerable to short-term events beyond weather
such as construction, accidents, closures of infrastructure and unusual events.
Other forms of regression analysis, such as an event-based logistic regression could be used to
identify regularly-scheduled service (defined by a scheduled CoV < 0.1) with substantial irregu-
larity above a certain threshold (such as predicted CoV > 0.5).
The installation and use of AVL trackers on buses has had, as mentioned before, a positive effect
on headway regularity, this inducing an indirect testing effect. Since these data were gathered using
the same AVL system, agency-to-agency bias should be minimized. However, if—for example—a
stop is near an area with poor SMS service, individual lines and top may be vulnerable to selection
bias.
An extension of sampling period, and thus an increase in the sample pool, would allow subsampling
of recorded data, which would reduce per-stop correlation with upstream stops on the same line.
Recording data for every stop in the system, while drastically increasing storage, processing and
bandwith requirements, would allow exploration of the impact of changing sampled stop spacing
geographically as well as temporally.
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This work could benefit further from additional variables beyond domain extensions of temporal
and agency/route variables. However, the variables used in the model chosen for their portability
across agencies; measurement biases and compatibility issues would quickly arise with the use of
non-standardized data collection methods.
Some transit vehicles are equipped with automatic passenger count (APC) hardware, which would
allow a relatively high-fidelity measure of how many passengers are boarding and deboarding
each vehicle. However, the level of standardization and deployment of these systems lacks the
uniformity of our NextBus/GTFS stack, perhaps limiting the usefulness of such counts to single
agencies or routes.
The use of traffic counts on roads could help provide interesting route-specific variability, though
it is unlikely that this data could be collected with enough temporal resolution to provide hourly
variability.
More specific information about rolling stock could help provide information at the vehicle level,
opening up an entirely new unit of analysis. This information could obtained by surveying agencies
and using the assumption that each line uses similar rolling stock all the time. Alternatively, the
NextBus API provides vehicle information; cross-referencing this data with agency records could
provide information about the relative benefits of bus size, door configuration, and the relative
capabilities of level boarding verses stooping/kneeling buses.
4.3 Conclusions
While it is difficult to make sweeping generalizations about the factors causing headway irregu-
larity, the data show that the the greatest marginal increase in explanation of variation came at the
route level. This suggests that rolling stock, route-specific traffic control devices, and neighborhood-
level variables might have more effect on headway irregularity then agency-level policies or stop-
level demographics and infrastructure.
From a policy and infrastructure perspective, these conclusions support the idea that bus bunching
can best be addressed through line-targeted actions and policy changes. While not addressed in this
work, an examination of the relative headway adherence between Bus Rapid Transit (BRT) services
and standard high-frequency service could help illuminate the relative benefit of the former.
While constrained in its explanatory power due to the limitations discussed above, this exercise
does show the feasibility of gathering large quantities of bus location data and using them to
make inter-agency comparisons. As discussed above, headway irregularity is an extremely frus-
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trating occurrence for transit users, and yet it is not a service metric reported in any national
database. Agency-internal development of CoV-based service delivery metrics could allow lon-
gitudinal analysis of headway adherence, allowing for analysis of trends and the effectiveness of
policy and infrastructure interventions. Standardized reporting of headway adherence, at least for
high-frequency service, could be a valuable addition to national transit performance databases,
such as the federal National Transit Database (www.ntdprogram.gov).
Finally, measurable benefits to headway adherence could be a valuable tool for promoting new tran-
sit improvements to the public. Use of inappropriate transit metrics (such as on-time performance)
attract passenger ire where it need not be focused. San Francisco’s service has a publicly-mandated
goal of 85% on-time arrivals, while its actual on-time performance is around 60%—a heavily-
reported fact in the media. However, this number is nearly meaningless on the high-frequency
lines that carry most commuters. In contrast, its recorded gapping and bunching metrics are much
better, with bunching events occuring on aroun 5% of trips and gapping events occurring on about
18% of trips (San Francisco Municipal Transportation Agency, 2012). The collection and reporting
of information that addresses the concerns of these commuters will give a clearer image of both
existing service and better suggest avenues for improvement.
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Delta CoV by stop
AC Transit
Delta CoV
! -0.75582 - -0.70000
! -0.69999 - -0.60000
! -0.59999 - -0.50000
! -0.49999 - -0.40000
! -0.39999 - -0.30000
! -0.29999 - -0.20000
! -0.19999 - -0.10000
! -0.09999 - 0.00000
! 0.00001 - 0.10000
! 0.10001 - 0.20000
! 0.20001 - 0.30000
! 0.30001 - 0.40000
! 0.40001 - 0.50000
! 0.50001 - 0.60000
AC Transit
Route Number
1
14
18
40
72
88
97
99
Other route
County line
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!! Delta CoV by stopLA Metro
Average Delta CoV
! -0.76 - -0.50
! -0.49 - -0.40
! -0.39 - -0.30
! -0.29 - -0.20
! -0.19 - -0.10
! -0.09 - 0.00
! 0.01 - 0.10
! 0.11 - 0.20
! 0.21 - 0.30
! 0.31 - 0.40
! 0.41 - 0.50
LA Metro
Route Number
  18
  20
  33
  35
  60
  96
 200
 206
Other route
County line
Figure 9: AC Transit (top) and LA Metro (bottom) transit lines. LA Metro line 96 is a clear outlier, with extremely low
∆CoV values; LA Metro in general displays the most line-to-line variability in service.
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Delta CoV by Stop
MBTA
Delta CoV
! -0.76 - -0.70
! -0.69 - -0.60
! -0.59 - -0.50
! -0.49 - -0.40
! -0.39 - -0.30
! -0.29 - -0.20
! -0.19 - -0.10
! -0.09 - 0.00
! 0.01 - 0.10
! 0.11 - 0.20
! 0.21 - 0.30
! 0.31 - 0.40
! 0.41 - 0.50
! 0.51 - 0.60
MBTA Bus Routes selection
Route Number
   01
   07
   09
   23
   31
   32
   34
Other route
County line
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!! Delta CoV by stop
SFMTA
Delta CoV
! -0.76 - -0.70
! -0.69 - -0.60
! -0.59 - -0.50
! -0.49 - -0.40
! -0.39 - -0.30
! -0.29 - -0.20
! -0.19 - -0.10
! -0.09 - 0.00
! 0.01 - 0.10
! 0.11 - 0.20
! 0.21 - 0.30
! 0.31 - 0.40
! 0.41 - 0.50
! 0.51 - 0.60
SFMTA
Route Number
3
5
14
22
24
38
71
Other route
County line
Figure 10: MBTA (top) and San Francisco Municipal Transportation Agency (bottom) transit lines. Note the relatively
low ∆CoV values for route 34 in Boston.
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Varname Variable Type Min Mean Median Max Units
sched mean GTFS mean headway Real 1.75 14.36 12 54.5 minutes
pred mean AVL mean headway Real 0.01 15.25 12.29 97.4 minutes
sched std GTFS headway stdev Real 0 1.43 0.7 18.8 minutes
pred std AVL headway stdev Real 0 4.27 3.38 36.4 minutes
sched cov GTFS headway CoV Real 0 0.096 0.06 0.5 –
pred cov AVL headway CoV Real 0 0.365 0.32 1.7 –
delta pred cov-sched cov Real −0.47 0.267 0.21 1.7 –
numsamples Number of headway per sample Integer 2 5 Samples
Table 11: Dependent variables.
pop10k emp10k t lo t hi t hi av hi diff precip. order delta
pop10k 1.000*
emp10k 0.343* 1.000*
t lo 0.415* 0.177* 1.000*
t hi 0.561* 0.221* 0.768* 1.000*
t hi av 0.572* 0.217* 0.701* 0.969* 1.000*
hi diff 0.493* 0.206* 0.782* 0.946* -0.837* 1.000*
precip in 0.128* 0.048* 0.083* 0.229* -0.218* 0.221* 1.000*
order 0.009* 0.080* 0.002* 0.010* 0.015* -0.004* -0.002* 1.000*
delta 0.092* 0.027* 0.256* 0.367* -0.377* 0.320* 0.020* 0.000* 1.000*
Table 12: Correlation matrix (n = 28,444, ∗= p-value < 0.05).
pop10k emp10k t lo t hi t hi av hi diff precip. order delta
pop10k 1.000*
emp10k 0.263* 1.000*
t lo 0.147* 0.067* 1.000*
t hi 0.196* 0.022* 0.501* 1.000*
t hi av 0.216* 0.004* 0.451* 0.834* 1.000*
hi diff 0.103* 0.034* 0.372* 0.813* -0.357* 1.000*
precip in 0.055* 0.011* 0.403* 0.163* -0.231* 0.033* 1.000*
order 0.021* 0.064* 0.014* 0.018* 0.032* 0.003* -0.001* 1.000*
delta 0.226* 0.095* 0.053* 0.063* 0.064* -0.039* -0.001* 0.000* 1.000*
Table 13: Correlation matrix, with MBTA samples removed (n = 21,000, ∗= p-value < 0.05).
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